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Abstract 

In Ethiopia, the conversion of natural vegetation cover into agricultural land is the main factor 
driving changes in land use and land cover (LULC). Using Landsat imagery for both historical 
and present-day LULC mapping and a machine learning-driven CA-Markov model was used to 
predict future transitions, this study examines changes in LULC in the Shewa Robit watershed. In 
addition, ArcGIS 10.5 was used for supervised image classification, and IDRISI Selva version 17 
was used for the land change modeling and test transition probability. Significant land conversion 
trends, primarily a 46.46 km² increase in cultivated land at the expense of grazing and forest areas, 
were found in the LULC investigation undertaken between 2003 and 2023. These increases were 
brought about by rapid urbanization and agricultural expansion. According to the LULC 
projected, between 2023 and 2098, there will be a 91.4% increase in settlements and a 68.3% 
increase in cultivated land. This change in LULC highlights the threats to biodiversity, water 
resources, and soil quality that come with the fast growth of agriculture and urbanization. This 
study underscores the urgent need for sustainable land management practices to mitigate 
environmental degradation, safeguard ecosystem services, and guide future land-use planning in 
the watershed. 

Keywords: Land Use and Land Cover Change; Machine Learning; CA-Markov Model; Landsat 
Imagery; Agricultural Expansion; Sustainable Land Management Practices. 

1. Introduction  
Land use and land cover (LULC) change in Ethiopia is primarily driven by the conversion 

of natural vegetation cover to use for agricultural purposes (Bewket & Abebe, 2013; Gashaw et 
al., 2018). With an estimated annual rate of change of 0.8% (104,600 ha yr-1), the FAO (FAOSTAT, 
2020) reported that Ethiopia's forest cover has fallen from 13.3% of the country's total land area 
(14.69 million ha) in 1993 to 11.4% of the area (12.54 million ha) in 2016 (FAOSTAT, 2020). 

https://doi.org/10.82127/ejet.v4i.1610
mailto:godebo09@gmail.com
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Changes in land use and land cover  are the primary factors causing environmental changes, which 
are brought on by the interaction of demographic, socioeconomic, and biophysical variables 
(Birhanu et al., 2019; Elias et al., 2019; Guzha et al., 2018; Yesuph & Dagnew, 2019).  These 
changes have a substantial impact on local ecosystems by modifying soil composition, decreasing 
vegetation cover, and altering hydrological patterns. They are caused by growing population 
pressures and the requirement for agricultural land to ensure food security (Genet, 2020; Hussein, 
2023). These changes exacerbate the region's susceptibility to the effects of climate change and 
are associated with land degradation, increased soil erosion, and decreased water quality (Belay & 
Mengistu, 2021; Genet, 2020; Prashanth et al., 2023). 

Significant LULC changes have occurred in the Shewa Robit watershed over the past few 
decades, resulting in a loss of biodiversity and a reduction of ecosystem services, such as carbon 
sequestration, water retention, and habitat provisioning for different species. Rapid deforestation 
and conversion of natural landscapes into agricultural land are decreasing soil fertility and 
increasing sedimentation in the Awash River Basin, raising concerns for long-term agricultural 
productivity and regional food security. Research in similar watersheds has shown that the 
cumulative effects of these LULC changes compromise soil and water resources, so it is crucial to 
comprehend current trends and predict future shifts to develop sustainable land management 
strategies (Aliyi, 2024; Assegide et al., 2022; Geta & Gebeyehu, 2023; Tadese et al., 2020; 
Tessema et al., 2020). 

By examining a great deal of remote sensing data, machine learning (ML) algorithms 
provide sophisticated capabilities for LULC change analysis, allowing for high-resolution 
mapping and precise forecasts of upcoming land transitions (Birhane et al., 2024; Girma et al., 
2022; Mahmoud et al., 2023; Simeon & Wana, 2024; Sisay et al., 2023; Tesfaye et al., 2024). By 
identifying areas at risk of degradation and directing policy interventions for ecosystem protection, 
these models enhance knowledge of the intricate relationships between socioeconomic and 
environmental drivers of land use (Hossain et al., 2024; Torabi et al., 2021). Since there is currently 
a lack of ML-driven analysis for LULC change prediction in Ethiopia, this effort will fill important 
knowledge gaps by using ML to evaluate the present and predicted LULC changes in the Shewa 
Robit watershed.  

2. Materials and Methods 
2.1 Description of the Study Area 

Shewa Robit watershed is situated at 39.91°-39.95° E longitudes and 10.1o-09.96 N 
latitudes in Ethiopia's Amhara region, North Shewa zone (Figure 1). It is located 220 kilometers 
to the north of Addis Abeba, the capital of the country. Mojana Wedera Woreda, Efrata Gidim 
Woreda, and Simurobi Gele'alo Woreda are Shewa Robit City's neighbors to the west and south, 
north and east, respectively. 

The watershed extends from Kewet Woreda to Mojana Wedera Woreda. The watershed is 
located between the Kola and high Dega agroecologies, at an altitude between 1200 and 3296 
meters above sea level. But the outlet is in Shewa Robit town agro ecologically it is part of low-
land (sub moist warm) areas. The watershed has a gradient that ranges from 0% to 78% slope. The 
watershed covers 296 km2 area in total.  The annual maximum and minimum temperature and 
rainfall of the Shewa Robit watershed are 32.1 and 16.1°C and 968 mm, respectively.  
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Figure 1. The location map of the study watershed 

2.2. Sources of data and methods of data collection and analysis 
2.2.1. Land Use Land Cover (LULC) Map 

The 2023 Landsat images were used to create a baseline land use and land cover map of 
the watershed. It was carried out by downloading a georeferenced Landsat-9 image for the 2023 
LULC classification and Landsat-7 images for the 2013 and 2003 LULC classification from USGS 
Earth Explorer (https://earthexplorer.usgs.gov/), which collects optical imagery with 30m spatial 
resolution over land and coastal waterways. After obtaining the satellite image, supervised image 
classification was carried out to identify the watershed's land use and land cover for the 
abovementioned time frames. Clear bands and images of cleared sky (0% cloud cover) were 
selected and composite for carrying out maximum likelihood supervised land use classification 
using Arc GIS 10.5 software.  

2.2.2. Land Use Land Cover Classification Accuracy Assessment 
The non-parametric Overall Accuracy (OA) and Kappa coefficient were computed using 

Equation 1-3. OA compares the number of pixels in each cell of the error matrix with the possibility 
of distributing pixels as a random variable (Tymków, 2009). Up to the acceptable level of accuracy, 
image classifications were repeated and modified. The minimum acceptable level of overall 
accuracy assessment is 85 % (Anderson et al., 1976). 

https://earthexplorer.usgs.gov/
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Overall accuracy =
Total number of correctly classified pixel 

Total number of reference Pixel
∗ 100%    Equ… 1 

User accuracy =
Number of correctly classified in each category 

Total Number of classified row Pixel in that category
∗ 100%   Equ… 2 

Producer accuracy =
Number of correctly classified pixcel  

Number of reference Pixel in that category∗
∗ 100%   Equ… 3 

Kappa statistics contemplates measures of the overall accuracy of image classification and 
individual category accuracy as a means of actual agreement between classification and ground 
truth. Therefore, Kappa was computed for conformation of the accuracy of the land use land cover 
classification as Equation 4. A kappa coefficient value below 0.4 shows poor agreement, a value 
between 0.4 and 0.8 depicts moderate agreement, and a value greater than 0.8 shows strong 
agreement (Mishra  and Rar, 2016 and Leta et al., 2021). 

K =
(Observed Accuracy − Expected Accuracy)

1 − Expected Accuracy)
     Equ... 4 

Where K is Kappa statistics  

2.2.3 Projection of future land use and land cover 

Future LULC dynamics of the study watershed were projected and modeled using 
TerrSet18.32 software using Land Change Modeler (LCM) and the IDRISI GIS analysis extension. 
CA-Markov applies a contiguity kernel to grow out a land-use map to a later period using a CA 
function using the anticipated amount of change that was generated by Markov chain analysis, 
primarily the transition probability matrices (Birhanu, 2022; Girma et al., 2022; Leta et al., 2021; 
Toma et al., 2023). To benefit from the advantages of combining the stochastic spatial Markov 
technique with the stochastic spatial CA method (Debnath et al., 2022; Hua, 2017; Nath et al., 
2020), the CA-Markov model was used in this study. Depending on the previous or present land 
cover condition, the LULC change dynamics for any region are calculated mathematically 
following Equation 5 (Girma et al., 2022; Leta et al., 2021). 

Since it can simulate multi-directional LULC change analysis, the CA-Markov model is 
commonly used and successful in detecting spatiotemporal changes in LULC (Girma et al., 2022; 
Mathewos et al., 2022; Toma et al., 2023). Additionally, it is a user-friendly bottom-up approach 
model for future LULC prediction by identification of complex system dynamics and prediction 
of the future spatial model by taking both physical and socioeconomic elements into account. The 
transition probabilities of various land cover categories from discrete time steps are quantified 
using it. After that, a CA model is applied to these probabilities to project spatially explicit changes 
over time (Mathewos et al., 2022).  

S(t + 1) = Pij + S(t)          Equ… 5 

Where, S(t)and S(t + 1)are the system status at the time of t or (t + 1); Pij is the transition 
probability matrix in a state which is calculated following Equation 6: 

Pij = [

P11P12 … . . P1n

P21P22 … . . P2n

…
Pn1Pn2 … . . Pnn

] 0 ≤ Pij < 1 𝑎𝑛𝑑 ∑ Pij = 1n
j=1 , (i, j=1, 2…n)    Equ… 6 
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Where P denotes the Markov probability matrix and Pij is the likelihood that the current state i will 
change to state j in the upcoming period. 

The Change Analysis, Transition Potentials, and Change Prediction tabs were the main 
functional keys of the Land Change Modeler (LCM). To simulate the future LULC in 2100 under 
the business-as-usual scenario, the change rates were established through the change analysis tab 
along with the transition potential maps. Maps of transition potential can be created based on the 
various sub-models and related explanatory variables by using a Multi-Layer Perceptron (MLP) 
neural network method in the LCM model. Thus, the MLP model has been used to compute the 
proportionate number of transitions that the dependent variables (earlier picture (2023) and later 
image (2100) and independent factors have on the future LULC change (Gidey et al., 2017; Girma 
et al., 2022; Leta et al., 2021; Mathewos et al., 2022; Moges et al., 2020; Toma et al., 2023). 

Slope, altitude, aspect, distance from roads, distance from rivers, and population density 
are typically the main factors causing changes in land use (Birhanu, 2022). These topographic 
variables (Slope, altitude, and aspect) were produced using a DEM. The Euclidian distance 
function in Arc GIS was used to generate distance from road and river maps using vector data 
elements like maps of rivers and roads. The population density map of the watershed was clipped 
from the country’s population density map. Finally, IDRISI selva Software used these variables as 
input to execute the potential transition maps. 

3. Results and Discussions  
3.1. Land Use and Climate Change Conditions of the Watershed From 2003 To 2023 

The study examined the trends of land use and land cover change within the Shewa Robit 
watersheds over the periods of 2003 to 2013 and 2023. This study is depicted in Figure 2 and it 
clearly illustrates a significant shift in land use and land cover patterns over time. These changes 
are indicative of dynamic environmental processes and human activities within the watershed. 
From the Figure 2, it is evident that there have been notable alterations in land use and land cover 
types between 2003 and 2023.  

 
Figure 2. Land use and land cover shift from 2003 to 2023 in the Shewa Robit watershed 
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The land use and land cover (LULC) analysis conducted revealed insightful trends 
regarding the composition and changes within the watershed. Currently, the dominant land use 
type within the watershed is cultivated land, constituting 36.46% of the total coverage, followed 
by shrub land covering 24.55% of the area, as presented in Table 1. Over the period from 2003 to 
2023, a positive progression was observed across all land use types, except for forest land and 
grazing land, which experienced decreases of 11.31 km2 and 41.11 km2, respectively. Notably, 
cultivated land exhibited the most substantial expansion, increasing by 46.46 km2 during these 20 
years. The second significant land use class showing positive progression was built-up or 
settlement areas, which expanded by 2.97 km2. 

This trend underscores the significant influence of increasing population demands for food 
and housing on the forms of land use within the watershed. The expansion of cultivated land 
reflects the increasing pressure on agricultural resources to meet the needs of a growing population, 
while the growth in built-up areas highlights the urbanization trend driven by population growth 
and urban development. 

3.2. Gain and loss in land use and land cover types 
The analysis of gains and losses in land use and land cover (LULC) over the study period, 

derived from the LCM change analysis module and depicted in Table 1, provides valuable insights 
into the dynamic nature of landscape transformations. The findings reveal significant shifts in 
LULC patterns, with cultivated land experiencing the largest gain while grazing, shrub, and forest 
cover predominantly decreased over the entire period. The net change in cultivated land reflects 
positive contributions from each land use and land cover type, resulting in an overall increase in 
cultivated land coverage. Notably, grazing land (18 km²) and shrubland (12 km²) were the primary 
contributors to this increase, underscoring their role in facilitating the expansion of cultivated 
areas. 

Conversely, each land use and land cover type made negative contributions to the net 
change in forest land, leading to a decrease in forest coverage by 2013. This decline highlights the 
pressures on forest ecosystems, including deforestation and land conversion for various purposes. 
Regarding the net change in grazing land coverage, watercourses, settlements, and cultivated land 
(18 km²) contributed negatively, while shrubland and forest cover also made negative 
contributions. This suggests a complex interplay of factors driving changes in grazing land 
dynamics, including land use conversion and habitat fragmentation. Shrubland, grazing land, and 
forest land made positive contributions to the net change in settlement coverage, indicating their 
role in facilitating urban expansion and infrastructure development. However, all other land use 
types, except for a small positive contribution by forest land, made negative contributions to the 
net change in shrubland coverage, resulting in a decrease in shrubland area over the study period. 
Remarkably, cultivated land emerged as the only land use type to make negative contributions to 
the net change of other land use types between the time frames studied. This suggests a pattern of 
land use conversion, where cultivated land encroaches on other land cover categories, leading to 
their decline. 

The analysis of the contribution of each land use type to the net change in cultivated land 
between 2013 and 2023 provides valuable insights into the dynamics of land use transitions within 
the study area (Table 1). Similar to the contribution observed between 2003 and 2013, all land use 
types exhibit positive contributions to the net change in cultivated land, indicating a complex 
interplay of land use dynamics over the specified period. Specifically, grazing land and shrubland 
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emerge as the dominant land use types contributing to the increase in cultivated land coverage by 
2023. With grazing land contributing 28 km² and shrub land contributing 12 km², these land use 
types collectively account for a significant proportion of the expansion of cultivated land within 
the study area. 

This trend mirrors the shifting patterns observed between 2003 and 2013, where various 
land use types also contributed to changes in cultivated land coverage. However, the notable 
contributions of grazing land and shrub land to the expansion of cultivated land underscore the 
significant role these land use types play in facilitating land-use transitions and transformations 
over time. 

The result of net gains from Land use land cover shifting reveals a significant expansion 
of cultivated land over the years, with notable changes observed between 2003 and 2023 (Table 
1). In 2013, cultivated land expanded its area by a substantial 11.8%, reflecting a period of 
intensive growth and development in the agricultural sector. The period between 2003 and 2013 
witnessed diverse contributors to the growth in coverage of cultivated land, with forest land, 
grazing land, and shrub land emerging as the primary sources. Forest land contributed 2.7% to 
agricultural expansion, followed by grazing land with 4.05% and shrub land with 5.7%. These 
findings suggest a significant conversion of various land types into cultivated land, possibly driven 
by factors such as population growth, changing agricultural practices, and economic incentives. 

The period from 2013 to 2023 also revealed a continuation of agricultural expansion. 
Cultivated land increased by 4.4%, indicating persistent efforts to utilize more land for farming 
activities. This expansion of agriculture came at the expense of grazing and forest land, which 
experienced a decrease in coverage. Additionally, there was a notable increase in shrubland by 
6.75%, suggesting a potential reversion or natural regeneration of land previously used for 
agriculture. 

Furthermore, the observed rise in settlement areas and decline in water courses between 
2013 and 2023 indicate broader changes in land use and environmental dynamics. Urbanization 
and infrastructure development likely drove the expansion of settlement areas, leading to further 
fragmentation of natural habitats and increased pressure on land resources. 

 
Figure 3. The detailed sampling processes of signature files during image classification. 
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Table 1. The types of land use, the area coverage in the watershed and the deviation due to time. 

LULC 
Classes 

2003 2013 2023 
From 

2013 to 
2003 

From 
2023 to 

2013 

From 
2023 to 

2003 

Area 
(km2) 

Proportion 
(%) 

Area 
(km2) 

Proportion 
(%) 

Area 
(km2) 

Proportion 
(%) km2 km2 km2 

Watercourse 7.33 2.48 8.69 2.93 8.39 2.83 1.36 -0.30 1.06 

Forest land 58.94 19.90 50.68 17.12 47.63 16.08 -8.25 -3.05 -11.31 

Settlement 19.93 6.73 21.61 7.30 22.91 7.74 1.67 1.30 2.97 

Cultivated 
land 61.51 20.77 95.20 32.15 107.97 36.46 33.70 12.77 46.46 

Shrub land 70.78 23.90 53.76 18.16 72.71 24.55 -17.01 18.95 1.93 

Grazing 
land 77.62 26.21 66.15 22.34 36.51 12.33 -11.46 -29.64 -41.11 

Total 296.1 100 296.1 100 296.1 100    



170 
 

Procedures were followed to create signature files for each watershed's land use type, as 
described in Figure 3, which served as an input for maximum likelihood image analysis during 
supervised image classification in the Arc GIS environment. As seen in the picture below, 
comprehensive signature files were obtained throughout the land use and land cover classification. 
To accurately classify the land use type in supervised image classification, it was crucial to obtain 
as many signature files as possible (Lu & Weng, 2007). 

3.3 Land Use Land Cover Classification Accuracy Assessment 
To ensure the validation of the land use and land cover (LULC) analysis, an accuracy 

assessment was conducted using 205 reference points. These reference points were distributed 
across the watershed and were verified using Google Earth imagery for each respective time frame. 
The distribution of these sampling points throughout the watershed is depicted in Figure 4. 

 
Figure 4. The 205 sampling points used for accuracy assessment during LULC classification 
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The following quality assessment findings were ultimately obtained following the 
aforementioned procedures (Table 2). After an extensive investigation, all land use and land cover 
classifications in all periods could reach the following good quality assessment parameters results:  

Table 2. LULC classification accuracy assessment matrix for the years 2003, 2013, and 2023. 

No. LULC class 
2003 2013 2023 

PA (%) UA (%) PA (%) UA (%) PA (%) UA (%) 

1 Cultivated 
land 95 93 87.8 92.3 85.7 100 

2 Forest land 93 93 77.8 84.8 74.4 97 

3 Grazing land 79 95 83.9 76.5 77.8 67.7 

4 Watercourse 100 100 100 100 100 94.4 

5 Settlement 100 100 100 93.8 97.1 87.2 

6 Shrubland 90 72 81.3 81.3 91.7 73.3 

7 OA (%) 91.71 88.29 87.32 

8 KC (%) 90.08 86.25 85.07 

OA: Overall Accuracy, KC: Kappa coefficient, PA: Producer Accuracy & UA: User Accuracy 

3.4 Projected LULC Conditions from 2024 to 2098 

3.4.1 Input for Land Use Land Cover Projection 

The key factors (Table 3 and Figure 5) considered for land cover projection included 
elevation, slope, distance from the roads, distance from the rivers, and population density maps. 
The analysis revealed that elevation was the primary driving variable (Cramer’s V of 0.2298) 
influencing changes in projected land use and land cover types, while slope exhibited the least 
impact (Cramer’s V of 0.0261). In contrast, the study at the Gidabo river basin, the main Ethiopian 
rift reported slope as the second most driving variable and elevation as the least influential variable 
(Girma et al., 2022). Another study at Matenchose Watershed, Rift Valley Basin of Ethiopia found 
population density as the important driving variable while slope was the least influential driving 
variable that impacts LULCC in the study watershed (Mathewos et al., 2022).  

Table 3. The drivers' variables that are assumed to drive the land use change in the future 

No. LULC Driving Variables Cramer’s V 

1 Elevation 0.2298 

2 Slope 0.0261 

3 Distance from the road 0.1249 

4 Distance from river 0.1847 

5 Population density 0.1324 
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Figure 5. Driving variables for the FLULC: (a) population density map, (b) slope map, (c) 

Elevation map, (d) distance from the roads map, and (e) distance from rivers map. 

3.4.2 Accuracy Assessment for The Projected Land Use And Land Cover  
The comparison between the actual land use of 2023 and the simulated 2023 land use based 

on the CA-Markov model provides valuable insights into the accuracy and validity of the model's 
predictions. 

Kappa coefficient of agreement: <0 denotes less than chance agreement, 0.01-0.40 poor 
agreement, 0.41-0.6 moderate agreement, 0.61-0.80 substantial agreement, and 0.81-1.00 nearly 
perfect agreement. These statistics, which are adjusted for accuracy by chance, gauge the goodness 
of fit between the model's predictions and reality (Mukherjee et al., 2009). The 
agreement/disagreement components (Table 4) are validated through a validation analysis 
conducted by the Clark Lab's LCM module of IDRISI Selva version 17.00 software. The results 
are further divided into two categories: 0.0668 (error due to quantity/DisagreeQuantity) and 0.2149 
(error due to allocation/disagree gridcell). Therefore, the data table showed that rather than 
quantity error between the projected and actual 2023 images, allocation error was the cause of the 
differences between the two maps. 
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Table 4. Results of validation analysis of two images (Agreement / Disagreement components 
values) 

Agreement / Disagreement Value (%) 

Agreement Chance 14.29 

Agreement Quantity 13.43 

Agreement Strata 0.00 

Agreement Gridcell 44.12 

Disagree Gridcell 21.49 

Disagree Strata 0.00 

Disagree Quantity 6.68 
 

In assessing the accuracy and validity of predictions made using the CA-Markov model for 
land use and land cover (LULC) changes, several indices of agreement are employed, notably the 
Kno index and the Klocation index (Table 5). The Kno index, derived from the conventional Kappa 
index of agreement, serves as a robust metric for determining the overall accuracy of the prediction 
generated by the CA-Markov model. This index provides insight into the degree of agreement 
between the simulated LULC map and the actual observed LULC map. Additionally, the Klocation 
index contributes to validating the simulation's location predictions, offering assurance regarding 
the spatial accuracy of the model's outputs.  

Upon analyzing the results displayed in the table containing these indices of agreement, it 
becomes apparent that the simulated and actual images exhibit a considerable level of 
concordance. The average value of these indices, standing at 0.657, signifies that more than 65.7% 
of the LULC categories between the two images are equivalent.  

This level of agreement suggests that the CA-Markov model demonstrates a commendable 
capability in predicting LULC changes within the study area. The high level of consistency 
between the simulated and actual images indicates the model's efficacy in capturing and replicating 
the complex dynamics of land use and cover transitions over time. Overall, the substantial 
agreement between the simulated and actual LULC images, as indicated by the Kno index and 
Klocation index, underscores the reliability of the CA-Markov model in predicting future land use 
dynamics within the study area. 

Table 5. Accuracy assessment of the simulated land use image of 2023. 

Index Value 

Kno 0.6714 

Klocation 0.6725 

KlocationStrata 0.6725 

Kstandard 0.6103 
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3.5 Projected Land Use and Land Cover (LULC) 
Following the successful simulation of Land Use and Land Cover (LULC) changes in 

2023, the subsequent figures (Figure 6) depicting the Future Land Use and Land Cover Change 
(FLULCC) for the periods of 2023, 2060, and 2098 reveal intriguing insights into the evolution of 
land use patterns over time. Notably, these figures illustrate a significant shift in land cover 
categories, particularly in regions previously shaded green (forest and shrub) and yellow (grazing) 
in the western and southern areas, which gradually transition towards red (cultivated) and grey 
strip shaded (settlement) as the end of the century. 

 

Figure 6. The land use and land cover shifts running for 75 years ahead from 2023 to 2098 
The Shewa Robit watershed is undergoing a significant temporal transition in land use and 

cover, as depicted in Table 6. The projection indicates a profound shift in the landscape dynamics, 
with cultivated or settlement areas emerging as the predominant land use type. It suggests a 
substantial 91.4% increase in settlement land use change over the next 75 years. Looking ahead to 
the end of the century, it becomes evident that cultivated land was witness a staggering 68.3% 
increase, cementing its status as the second most prevalent land use type. The study conducted in 
the Fincha’a watershed revealed a noticeable trend of expanding cultivated land, settlement areas, 
and water bodies at the detriment of forest land, shrub land, and grassland from 1991 to 2021 
(Takala & Kabite, 2023). Similarly, between 2028 and 2048, barren land, built-up areas, and 
cultivated land were documented to increase, leading to the depletion of water bodies, forests, 
shrub-bush, and plantation land (Entahabu et al., 2023). 
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The increase in the coverage of settlements and cultivated land poses significant 
challenges, particularly in balancing the needs of urban development with environmental 
preservation. Surprisingly, projections suggest that this issue might exacerbate more in the mid-
future compared to the far future, primarily due to the shaping of societal mindsets regarding 
environmental concerns and urban expansion.  
Table 6. The area coverage of each land use and land cover from 2023 to 2098 and their shift in 

time. 

No. LULC class 
Area (km2) of each year 

Shift in coverage from one year to 
the other in km2 (%) 

2023 2060 2098 2023 to 2060 2060 to 2098 2023 to 2098 
1 Settlement 22.91 38.28 43.83 15.4 (67.1) 5.55 (14.5) 20.9 (91.4) 
2 Watercourse 8.39 8.23 8.12 -0.2 (-1.9) -0.1 (-1.4) -0.3 (-3.3) 
3 Cultivated land 107.97 147.47 181.76 39.5 (36.6) 34.3 (23.2) 73.8 (68.3) 
4 Forest land 47.63 37.20 27.90 -10.4 (-21.9) -9.3 (-25) -19.7 (-41.4) 
5 Shrub land 72.71 46.25 25.90 -26.5 (-36.4) -20.4 (-44) -46.9 (-64.4) 
6 Grazing land 36.51 18.43 8.22 -18.1 (-49.5) -10.2 (-55.4) -28.3 (-77.5) 

 
In the mid-future, which spans the next few decades (by 2060), societal attitudes toward 

environmental conservation and urban development are poised to play a pivotal role in 
exacerbating the expansion of settlements and cultivated land. Numerous studies have consistently 
highlighted the trend of increasing cultivated land, settlements, and in some cases, water bodies, 
at the expense of forest land, shrubland, and grasslands (Entahabu et al., 2023; Girma et al., 2022; 
Leta et al., 2021; Mathewos et al., 2022; Nath et al., 2020; Sisay et al., 2023; Yesuph & Dagnew, 
2019). For instance, in the Matenchose watershed, cultivated land and settlement areas experienced 
significant expansions of 139.4% and 360%, respectively (Mathewos et al., 2022). Similarly, 
Girma et al. (2022) noted substantial gains in agricultural land, settlements, and water bodies, 
accompanied by losses in forests, shrubs, and grasslands. Predictions of land use and land cover 
(LULC) changes between 2035 and 2055 revealed further increases in agricultural land, grassland, 
settlement areas, and woodlands by 44.02%, 30.35%, 69.2%, and 55.05%, respectively, while 
forest and scrub/bush lands experienced declines of 21.53% and 11.08%, respectively (Abdule et 
al., 2023). 

Conversely, the current coverage of grazing areas and shrublands is anticipated to 
experience marked declines by 2098. Projections indicate a substantial 77.5% decrease in grazing 
areas and a notable 64.4% reduction in shrubland coverage. The study by Mathewos et al. (2022) 
also reported the decline of grassland, bare land, and forestland by 77.36%, 81.01%, and 6.26%, 
respectively by 2050. These declines underscore the environmental pressures and land-use 
practices that are reshaping the natural habitats within the watershed. On the adverse side of the 
land cover shift, grazing land and shrub land emerged as the primary land use types experiencing 
substantial reductions. From 2023 to 2098, grazing land decreased by 28.3 km2 (-77.5%), while 
shrubland diminished by 46.9 km2 (-64.4%). A parallel observation was made by Toma et al. 
(2023), who reported similar findings, indicating that cultivated land, built-up areas, and bare land 
expanded at the cost of shrubland and forest land. 
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4. Conclusion and Recommendation  
This study concludes that agricultural and settlement areas are expanding at the expense of 

natural landscapes, while forests and grasslands are experiencing major reductions. These trends 
are predicted to continue by the CA-Markov model, which predicts that by 2098, cultivated and 
settlement areas will account for the majority of the watershed, growing by 68.3% and 91.4%, 
respectively. Such alterations have significant implications for the soil integrity, hydrology, and 
biodiversity of the area. Rapid LULC shifts may worsen land degradation and water quality 
problems, which are vital for regional agricultural and community resilience, as well as endanger 
ecological services like carbon sequestration and water retention. Immediate action through 
sustainable land use policies and restoration projects is necessary to avert further degradation and 
maintain the agricultural and environmental stability of the watershed.  Additionally, more studies 
about how to incorporate climate data into LULC models would enhance adaptive strategies to 
manage the combined impacts of land use changes and climatic stresses on this ecosystem. 
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